Abstract-Order acceptance decisions have a significant influence on the short-and long-term performance of a firm. Firms, therefore, should make complex order acceptance decisions with regard to their organizational goals in an effective way. Models are called for to provide insight for decision-makers in developing proper strategies for order acceptance. This paper presents an agent-based model to support order acceptance decisions in a multi-plant enterprise, particularly incorporating buyer-seller negotiations. The negotiation process is conceptualized in three phases, pre-negotiation, negotiation, and post-negotiation, taking into account salient viewpoints on making order acceptance decisions. The conceptualization and the developed model not only provide valuable insights into the nature of negotiation in a supply chain setting, but also contribute to the understanding of strategy development for order acceptance.
INTRODUCTION
Order Acceptance (OA), the acceptance or rejection of customers' orders, is one of the main functions in the business environment [1] , [2] .
OA policies have a tremendous impact on the short-and long-term performance of a firm, therefore firms should choose carefully between orders worth accepting and orders that should be rejected from the viewpoint of making progress towards short-and long-term organizational goals. Accepting every incoming order as long as capacity allows certainly pursues profit, but total commitment of production capacity also precludes accepting more profitable orders in the near future. On top of that, accepting a large number of arriving orders increases the utilization rate of production resources. In such an over-loaded production environment, simple tardiness in the arrival of raw materials may cause a large number of delayed deliveries and decrease customer satisfaction accordingly. Conversely, rejecting some valuable orders can give rise to an unnecessarily low utilization rate of resources and have repercussions for future customer relations as well.
OA is a complex issue, primarily because it involves an external actor (the buyer) who often has preferences and objectives that conflict with the seller. Additionally, OA is closely associated with other internal business functions in the firm such as production planning and scheduling. With an eye to addressing this complexity, the problem of OA has been investigated from different perspectives in literature.
Some researchers have focused on the integration of sales/marketing and production, claiming that, in practice, the sales department often makes independent decisions on bids without consulting the production department [3] . In one of the first works on the topic, ten Kate showed that in tight situations with short lead-times and high utilization rate, OA integrated with production scheduling functions performed better than operations where these functions were not closely integrated [4] . Huang et al. considered coordinated order selection and production scheduling in a make-to-order environment [5] . They compared the situation of separated order selection and scheduling with the integrated situation and concluded that using the developed algorithm for integration of OA and production planning would yield higher profit.
Another strand of research in the OA literature is order selectivity based on orders' profit contributions. In this approach, referred to as "revenue-based capacity management" [6] , [7] , the aim is to satisfy customer demand by allocating resources so that the firm's revenue and profitability are optimized. Following this approach enables firms to primarily serve valuable orders and reserve capacity for future orders with higher profit margins. Missbauer used a stochastic model to derive optimal lower bounds for the profit margin of arriving orders [8] . Only orders whose contribution margins exceeded the optimal lower bounds were accepted. In a more recent work, Arredondo and Martinez applied reinforcement learning for making OA decisions [1] . The profit threshold was changed based on acceptance or rejection of similar orders in previous decision periods. Similarity of the orders was defined regarding attributes such as product mix, price, size and due date.
OA is also closely intertwined with a firm's customer relationship management, with many studies focusing on managing incoming orders from different customer segments and assigning capacity to more profitable customers. The aim in customer segmentation is to keep valuable customers satisfied and therefore increase the probability of repeat purchase and long-term profitability [9] . Meyr showed that customer segmentation on the basis of customer's value, in terms of previous revenue brought to the firm, could improve profit substantially [10] . Chamodrakas and Alexopoulou considered customer evaluation and prioritization in the context of the OA process of suppliers and proposed the use of fuzzy methods to this end [11] . They applied several qualitative criteria which were ranked in an ordinal manner to assess customers' value and assign capacity accordingly.
The previously mentioned perspectives all rest on the underlying assumption that order terms (e.g. price and lead time) are predetermined which is not a tenable assumption. In reality, order terms are often specified by negotiation between the buyer and the seller who have conflicting preferences and objectives. There is, however, scant literature directly addressing negotiation in the OA context, and those which incorporate negotiation consider negotiation per se in a single session. Little attention has been paid to initiation conditions for negotiation and repercussions of negotiation outcomes on the behavior of the involved parties.
To address this void, this paper suggests a negotiationbased OA approach with three phases, pre-negotiation, negotiation, and post-negotiation, taking into account concepts that may affect the performance of an enterprise regarding its OA decisions. This conceptualization is implemented in an agent-based model for the specific case of a multi-plant enterprise in the chemical industry. To illustrate the applicability of the developed model to support OA decisionmaking, a number of experiments were designed and implemented in the model. This paper is organized as follows: first, a description of the research case is presented in Section 2. Section 3 discusses the details of the agent-based model for buyer-seller negotiations, followed by OA settings and simulation results in Section 4. The paper ends with a conclusion in Section 5.
II. CASE DESCRIPTION
The enterprise considered here is a specialty chemicals multi-plant enterprise (MPE) with production plants in three different geographical locations and a global sales department (GSD) that directly interacts with customers. Each plant has several functional departments with particular roles and tasks. The plants work on a make-to-order basis, i.e. the production is triggered by incoming customer orders and there is no inventory storage for finished products. The GSD receives orders from customers and decides whether to accept them or not. An order is accepted if (a) the offered price lies within the acceptable range that the GSD has set for itself and (b) the production schedule of one of the plants can accommodate the order and produce the required quantity before the proposed delivery time. If the order does not meet the aforementioned conditions, the enterprise and the customer initiate negotiations to find satisfactory terms for both sides. The internal operations of the plants have been presented by [12] . This paper focuses on the interface between the GSD and customers in the OA context.
III. THE AGENT-BASED MODEL
The buyer-seller negotiation described here can be appropriately addressed using agent-based modeling and simulation (ABMS) [13] . ABMS is usually used to represent characteristics of a system composed of multiple autonomous components where: (a) each agent has incomplete capabilities to solve a problem, (b) there is no global control in the system, and (c) data is decentralized [14] .
As described previously, in the MPE supply chain agents independently act on behalf of the supply chain memberscustomers, suppliers, the GSD, and different departments in each production plant of the MPE. More specifically, two autonomous, heterogeneous agents in the MPE supply chain participate in OA negotiations: the GSD as the seller agent and customers as the buyer agents. The supply chain is decentralized; agents individually assess their situation and make decisions independently. They interact with one another during negotiations, giving rise to the overall behavior of the system. Considering all these aspects, ABMS is a promising approach for developing decision support systems for the OA process in the MPE setting [15] , [16] and utilized in this study.
Unlike the traditional equation-based perspective in simulation modeling approaches, ABMS requires us to take agent perspective into account. Therefore, individual agents' behaviors along with their interaction, leading to the emergence of the system collective behavior, are described in the following subsections.
A. Agents' behavior
The behavior of the seller and the buyer agents during negotiation on order terms is modeled with utility functions and state transition diagrams.
To approximate agent's preferences, the idea of utility function is used in the literature [17] . A utility function for each agent is employed to assess the desirability of an offer, which may include several issues such as price and due date. For each issue in the offer, an evaluation function maps the value of the issue to a single number indicating its desirability. Then, the utility function for that agent is the weighted sum of the evaluation functions for each issue. This type of utility function belongs to the category of linear additive utility functions [18] in which the contribution of every issue to the utility is linear and does not depend on the values of other issues. The objective of an agent in the negotiations is to maximize its utility function.
Agents are also characterized by their state, which denotes what they are trying to accomplish at any given time. Accordingly, the agent state transition diagram shows possible transitions between the states of each agent. The diagrams for the seller and the buyer agents appear respectively in Fig. 1(a) and (b). The bubbles in the figures represent agent states, and corresponding events are illustrated on the arrows.
For example, the seller agent (GSD) can be in one of six possible states ( Fig. 1(a) ):
• Waiting for a new order: GSD waits for arrival of a new order at the beginning of the simulation and once the state of the earlier order has been determined.
• OA decision making: upon the arrival of a new order, GSD decides whether to accept, reject, or set the order for negotiation.
• Offer preparation: for an order set to negotiation, GSD prepares an offer and sends it to the buyer.
• Waiting for the customer response: GSD waits for the response of the buyer agent to the proposed offer.
• Counter-offer evaluation: if the buyer agent rejects the proposed offer by the GSD and sends a counteroffer instead, the GSD evaluates the counteroffer using its utility function and decides whether to accept or reject the counteroffer.
• Order assignment: once the order/offer is accepted, the GSD assigns the order to the production plant with the earliest completion date.
The buyer agent also has seven possible states illustrated in Fig 1(b) .
B. Agent Interaction
The buyer-seller encounter has three phases:
1) Pre-negotiation phase: In this phase, each party separately evaluates its counter-party and decides whether to enter into negotiation. The evaluation is performed according to the history (perception) formed on previous trading experiences. The buyer (customer) makes decsion based upon its previous ordering experiences and delivery reliability of the enterprise. The decision of the seller (enterprise) for initiation of negotiation depnds on several factors derived from OA literature and chosen in a way to realize the short-term goal of making immidiate profit, and at the same time consider longterm relations with customers and, consequently, long-term profitability. These factors include profit contribution of an order, production feasibility of an order and value of the customer placing an order. The determinants to classify a customer are frequency and value of the customer's previous purchases from the enterprise.
2) Negotiation phase: This phase constitutes the main interaction in which the agents take turns making offers and counteroffers. Exchanging successive offers by the negotiation agents (or dance of offers in the vocabulary of [19] ) round by round will determine the negotiation outcome (i.e. agreement or disagreement). This process is referred to as the Rubinstein's bargaining model in the litreture [20] . A concession-oriented strategy, quite similar to the bidding behavior in the real life, is used in this research to show the way that offers are exchanged. The strategy for making offers is modified from [21] . This strategy has been validated in several expriments with human as well as computer negotiators in different domains [22] . The procedure for making offers runs as follows:
• Issue Evaluation: each negotiation round (except the initial round) starts with the evaluation of issues in the previous offer using evaluation functions for each issue in the offer, i.e. price and delivery time. The issue values for the first offer come from the range the buyer agent has for itself.
• Utility Determination: the evaluation values are aggregated into overall utility of the previous offer.
• Utility Planning: the amount of concession the negotiation agent wants to make for the next offer is specified in terms of overall utility. This concession amount will be subtracted from the utility value of the previous offer, providing target utility for the next • Issue Planning: to specify the values for issues in the next offer, given the target utility value, first the value of the discrete issue (delivery time) is specified, then remaining utility is assigned to the continuous issue (price). Following this approach, offers are prepared that exactly match the target utility.
3) Post-negotiation phase:
On the basis of the outcome in the negotiation phase, whether an agreement has been reached, negotiation is broken off (because of e.g. time limitation of one party), or the seller and the buyer end in disagreement, the negotiating parties in the post-negotiation phase update the negotiation history (perception) they have about one another. The history, representing the adaptive decision-making behavior of agents, plays a role in future decisions regarding trade with the same counter-party. The agents' history is formalized by a threshold that will increase or decrease based on whether the trading experience is positive (agreement has been reached) or negative (no agreement) respectively. The buyer agent also keeps a delivery history representing the delivery reliability of the enterprise.
IV. ORDER ACCEPTANCE SETTINGS AND SIMULATION RESULTS
In this section two sets of experiments are described and simulation results are presented.
A. Experimental set-up 1: Important order acceptance viewpoints
The basic idea for design of experiments in this section is to incorporate important viewpoints into making OA decisions, i.e., integration of sales and production functions, order selectivity, customer segmentation and negotiation. In the base case, customer orders will be accepted if the offered price is acceptable for the GSD and one of the production plants can produce the required products before the due date; otherwise, the order will be rejected. In the second case, order selectivity, the profit contribution of orders received from customers is checked first. Only if the order meets the profitability requirement, the feasibility of the plants' production schedules will be checked. This implies that profitable orders for which production before the requested delivery time is feasible are accepted and all others are rejected. In the third case, negotiation, three factors of order selectivity based on profit, integration of sales and production, and customer segmentation are considered as the initiation conditions of the buyer-seller negotiation. In this setting, if an order does not meet the profitability requirement (short-term goal), it is not rejected immediately. To maintain a relationship with a valuable customer (long-term goal), a negotiation session will be initiated to reach an agreement on issue values that are satisfactory for both the customer and the enterprise. The enterprise expands the acceptable range of issue values and decreases the profitability lower bound for a valuable customer in order to maintain a good relationship. Fig. 2(a), (b) , and (c) respectively show cumulative annual profit, OA history, and delivery history in the three settings described above. As demonstrated, the negotiation setting outperforms the others in two performance measures: annual profit and delivery history.
In the base case, the total number of accepted orders by the enterprise is considerably larger than the other two cases, as the only criterion for OA is availability of production capacity. Consequently, the OA history of customers is good, but this good history will be compromised later when customers receive their orders with delay. The delayed deliveries not only harm the reputation of the enterprise -and the future behavior of customers -but also decrease the enterprise profit because of lateness penalties paid on late orders.
To address this situation, the enterprise may choose which orders are worth accepting by checking the profit contribution of each order (second setting). The profit contribution is assumed as 20% in this case; consequently, the enterprise will accept orders for which revenue is at least 20 percent greater than the cost of the requested resources. With this strategy, the number of accepted orders will decrease. However, as the production capacity of the plants is assigned to more profitable orders, and because there are fewer lateness penalties for the enterprise, the profit will be higher compared to the base case ( Fig. 2(a) ). Also, the delivery history of the enterprise improves significantly. However, given the increase in the number of rejected orders, the value of the OA history of customers will decrease. In other words, in this case, the enterprise mainly focuses on its short-term goal of making immediate profit and does not consider the long-term goal of building relationships with customers.
In the third setting, the enterprise does not reject orders that fail to meet the profitability criterion, but instead begins negotiation with the customer to maintain relationships with its valuable customers and hence guarantee long-term profitability. Consequently, the order history is improved relative to the order selectivity setting. In addition, negotiation on order terms results in flexibility in delivery time, and the number of late orders is reduced accordingly. Meanwhile, because of negotiation on price value, the final agreed price for orders is higher than the first price offered by the customer, also an important factor in the enterprise's profit improvement in this setting.
B. Experimental set-up 2: Effect of demand load
In the previous set of experiments, the arrival pattern of orders follows a Poisson distribution with the average of 1.75 orders per day. In this condition, the utilization rate of each production plant in approximately 90%, which is a high-load.
To evaluate the effect of demand load in the previous set of experiments, the arrival rate of orders is set to 1.25 orders per day. In this case the utilization rate of the production plants is roughly reduced to 65%.
In this lower-loaded environment, employing the previous profitability lower bound of 20% leads to rejection of a high number of orders and weak performance in all dimensions as compared to other policies ( Fig. 3 (a), (b), and (c) ).
In the first set of experiments, considering negotiation simultaneously with order selectivity based on profit improves the performance, however, in the lower-loaded demand situation, negotiation with the same threshold for profit (20%) outperforms order selectivity alone. Still performance is poorer than the base case in which every incoming order is accepted as long as there is enough capacity. To adjust the lower bound of profitability in a way that the three performance indicators improve, some exploratory experiments have been conducted and the results for the first possible lower bound (10%) which leads to the performance improvement (in three dimensions) are illustrated in Fig. 3 .
As observed, in a negotiation setting in which the seller uses the lower bound of 10% for the profitability check, the performance improves in all the three dimensions.
This experiment clearly shows the capability of the developed model for fine-tuning model parameters under different situations.
V. CONCLUSION
In this paper, we have discussed the problem of order negotiation on price and delivery time between a make-to-order multi-plant enterprise and its customers. To tackle the problem, a novel conceptualization of the negotiation process which can capture the performance of the enterprise in the short-and long-term is suggested. The conceptualization entails all steps of a negotiation process in three phases, namely:
1. Pre-Negotiation Phase: in which conditions an enterprise initiates negotiation with its counter-party;
2. Negotiation Phase : how the negotiation takes place;
3. Post-negotiation Phase: how the negotiation outcome, directly or indirectly influences the future decisionmaking behavior of the involved parties.
On the basis of this conceptualization, an agent-based model is presented to show the effect of buyer-seller negotiations on the performance of the enterprise. The agentbased modeling approach is uniquely capable to take the perspective of individual buyer and seller agents and their heterogeneous characteristics (e.g. various objectives and decision making behaviors) into the model and let the overall Simulation results for the designed experiments incorporating important viewpoints on making OA decisions show that proper negotiation improves the performance of the enterprise with respect to annual profit and OA history. The simulation also examines the effect of demand load on the OA performance of the enterprise. The simulation results indicate that under a lower demand load, it is necessary to adjust the profit threshold in order to outperform the situation in which orders would be accepted as long as enough production capacity is available.
In contrast to most of the previous studies on negotiation in the order fulfillment process, which mainly focus on a singlesession negotiation, the agent-based model in this study can be used by OA decision-makers in MPE to gain insight on their OA procedure and evaluate the short-and long-term performance of the enterprise under different OA settings. The agent structure in this model can also be easily customized and utilized in other industrial cases as described by [23] .
This research can be extended in various ways. The negotiation parties in this study only exchange offers and do not reveal their preferences to each other (closed negotiation). This may have an effect on the efficiency of the negotiation outcome. Therefore a suggestion for further development of the model could be implementing some learning methods in the model to allow the parties to make more efficient concessions and reach an agreement without utility waste.
Another possible direction for further development of the model is to consider information-sharing between the negotiation parties. This is especially interesting if the negotiation model will be used for the negotiation between the production plants and their suppliers in the supply chain; as there are several interesting topics in the operations management literature on information-sharing with suppliers (e.g., vendor managed inventory (VMI)) that can significantly improve the performance of the supply chain as a whole.
Finally, in this study, the utility function of the parties belongs to the linear additive class of utility functions; i.e. there is no dependency between the negotiation issues. Although there are some approximation methods to eliminate the dependencies between the negotiation issues in the utility function of parties [24] and use the linear function instead, it is worthwhile to explicitly consider the issue dependencies in the utility functions and explore the behavior of the system under these conditions.
